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Approaches	
  toward	
  be:er	
  climate	
  “predic+on”


•  Climate	
  predicBon	
  community	
  
–  To	
  obtain	
  predic+on	
  data	
  with	
  quanBfying	
  
and	
  reducing	
  errors	
  and	
  uncertainty.	
  

–  OpBmizaBon	
  and	
  calculaBon	
  with	
  keeping	
  
general	
  principles	
  in	
  climate	
  model.	
  

•  Climate	
  informaBcs	
  community	
  
–  To	
  extract	
  meaningful	
  informaBon	
  from	
  huge	
  
amounts	
  of	
  observed	
  and/or	
  predicted	
  data.	
  

–  OpBmizaBon	
  and/or	
  model	
  development	
  
even	
  if	
  breaking	
  general	
  principles	
  of	
  
dynamics	
  and	
  thermodynamics	
  in	
  “model.”	
  

Observed	
  data


PredicBon	
  data	
  
(e.g.,	
  IPCC	
  protocol) 


ApplicaBon	
  data	
  
(e.g.,	
  Drought,	
  Flood) 


“model”	
  governed	
  	
  
by	
  physical	
  principles


“model”	
  
Empirical,	
  sta+s+cal,…




How	
  to	
  perform	
  climate	
  predic+on…


IniBal	
  condiBon	
  
(e.g.,	
  temperature)	
  

Boundary	
  condiBon	
  
(e.g.,	
  CO2) 


PredicBon	
  
(e.g.,	
  temperature) 


Socioeconomical	
  scenario 


input


Climate	
  model 


input


Calcula+on	
  of	
  dynamical	
  and	
  	
  
thermodynamical	
  processes 


…	
  using	
  predicted	
  state	
  
as	
  an	
  ini+al	
  condi+on	
  … 


Climate	
  predic-on	
  is	
  basically	
  determinis-c. 




Sources	
  of	
  errors	
  and	
  uncertainty


•  Climate	
  model	
  (all	
  +mescales)	
  
–  Simultaneous	
  parBal	
  differenBal	
  equaBons	
  for	
  geo-­‐fluid	
  
dynamics	
  and	
  thermodynamics	
  

•  Governed	
  by	
  general	
  principles	
  (i.e.,	
  not	
  empirical)	
  
•  Basically	
  determinis+c	
  predicBon	
  

•  Ini+al	
  condi+on	
  (…,	
  day,	
  week,	
  season,	
  year,	
  decade)	
  
–  Climate	
  state	
  at	
  iniBal	
  Bme	
  of	
  predicBon	
  experiments	
  (e.g.,	
  
observaBons)	
  

•  Not	
  always,	
  not	
  everywhere,	
  not	
  every	
  variable	
  	
  
•  Not	
  saBsfying	
  general	
  principles	
  

•  Boundary	
  condi+on	
  (decade,	
  century,…)	
  
–  ConcentraBon	
  of	
  CO2,	
  …	
  

•  Based	
  on	
  socioeconomical	
  scenario	
  =>	
  not	
  limited	
  into	
  geoscience	
  



heat	
  transport	
  


Climate	
  model	
  
(weather	
  forecas+ng,	
  …,	
  global	
  warming	
  simula+ons)	
  


•  Simultaneous	
  parBal	
  differenBal	
  equaBons	
  govern	
  climate	
  
processes	
  in	
  atmosphere	
  and	
  ocean	
  (i.e.,	
  basically	
  determinis+c).	
  

•  Probabilis+c	
  /	
  stochas+c	
  approximaBon	
  is	
  not	
  needed,	
  if	
  we	
  can	
  
represent	
  (i.e.,	
  climate	
  model	
  can	
  resolve)	
  all	
  processes	
  explicitly.	
  

ⓒJMA


Governing	
  equa+ons	
  for	
  
atmospheric	
  model


mass 


momemtum	
  
(hydrostaBc	
  eq.	
  &	
  eq.	
  of	
  state) 


water	
  vapor


sfc.	
  momentum	
  exchange
 sfc.	
  heat	
  &	
  moisture	
  exchange


condensaBon 


cloud


enthalpy
 radiaBon 
wind	
  stress 


evaporaBon 


Explicit	
  calculaBon	
  
Implicit	
  calculaBon	
  

Courtesy	
  of	
  M.	
  Watanabe 




Climate	
  model	
  
(weather	
  forecas+ng,	
  …,	
  global	
  warming	
  simula+ons)	
  


•  In	
  a	
  pracBcal	
  sense,	
  we	
  need	
  implicit	
  (i.e.,	
  probabilis+c	
  /	
  stochas+c)	
  calculaBons	
  to	
  
take	
  into	
  account	
  contribuBons	
  from	
  small/short	
  Bmescale	
  phenomena.	
  

–  Atmosphere-­‐ocean	
  interacBon	
  
–  Wave-­‐mean	
  flow	
  (small-­‐scale	
  and	
  large-­‐scale)	
  interacBon	
  
–  ParameterizaBons	
  for	
  cloud,	
  radiaBon,	
  …	
  

Spa+otemporal	
  scales	
  of	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  atmospheric	
  phenomena 


Spa+otemporal	
  scales	
  	
  
	
  	
  	
  	
  	
  	
  covered	
  by	
  atmospheric	
  models 


Isaksen	
  et	
  al.	
  	
  (2009)


Climate	
  model 


Energy	
  conversion	
  
in	
  atmosphere	
  


Determinis+c	
  calcula+on 


Probabilis+c	
  /	
  Stochas+c	
  calcula+on 


Climate	
  model	
  cannot	
  explicitly	
  cover	
  all	
  spa-otemporal-­‐scale	
  phenomena.	
  	
  



Parameteriza+on	
  Issues	
  



Beljaars	
  (2004)	
  

Large-­‐scale	
  
control 


Small-­‐scale	
  
feedback


-­‐	
  We	
  do	
  not	
  explicitly	
  calculate	
  small-­‐scale	
  phenomena	
  (e.g.,	
  individual	
  cloud).	
  
-­‐	
  We	
  do	
  implicitly	
  calculate	
  effects	
  of	
  small-­‐scale	
  phenomena	
  on	
  large-­‐scale	
  phenomena	
  
(e.g.,	
  hea6ng/cooling	
  by	
  cloud	
  forma6on,	
  solar	
  radia6on	
  changes	
  by	
  clouds).	
  
	
  
ParameterizaBon	
  of	
  small-­‐scale	
  (unresolved)	
  effects	
  by	
  using	
  large-­‐scale	
  (resolved)	
  variables.




Probabilis+c	
  parameteriza+on	
  (current	
  approach) 


Observa+on:	
  TBB	
  from	
  GOES-­‐9	
  

Parameteriza-on	
  ≠	
  empirical	
  rule	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ≠	
  strictly	
  based	
  on	
  small-­‐scale	
  physics	
  
But	
  it	
  needs	
  assump+ons,	
  leading	
  to	
  a	
  
variety	
  of	
  the	
  scheme.	
  

Clouds	
  are	
  important	
  elements	
  of	
  climate,	
  but	
  highly	
  inhomogeneous…	
  

“All	
  or	
  nothing”	
  cloud	
  is	
  too	
  crude	
  for	
  model	
  !	
  
Assumption	
  of	
  a	
  probability	
  distribution	
  of	
  
the	
  sub-­‐grid	
  scale	
  moist	
  fields	
  to	
  represent	
  
contribution	
  of	
  partial	
  clouds 


Courtesy	
  of	
  M.	
  Watanabe 




Stochas+c	
  parameteriza+on	
  /	
  physics	
  
(challenging	
  issue) 


Lorenz’s attractor 

Third axis replaced  
with additive noise 

Palmer	
  (2001) 


Approach:	
  	
  
	
  	
  	
  Adding	
  random	
  noise	
  (arBficial	
  term)	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  to	
  Bme	
  tendency	
  of	
  physical	
  processes	
  
	
  	
  (e.g.,	
  StochasBc	
  fluctuaBon	
  from	
  quasi-­‐equilibrium)	
  	
  
	
  
Parameters:	
  
	
  	
  	
  Amplitudes	
  of	
  random	
  noise	
  
	
  	
  	
  Time	
  scales	
  of	
  noise	
  (auto-­‐correlaBon	
  in	
  Bme)	
  
	
  	
  	
  SpaBal	
  scales	
  of	
  noise	
  (auto-­‐correlaBon	
  in	
  space)	
  
	
  
Benefits:	
  	
  
	
  	
  	
  Beber	
  esBmate	
  of	
  uncertainty	
  
	
  	
  	
  (e.g.,	
  Enhanced	
  spread,	
  Reduced	
  bias	
  and	
  errors…)	
  
	
  
But…	
  difficulty	
  in	
  numerical	
  reproducibility	
  	
  

Buizza	
  et	
  al.	
  (1999)	
  
Palmer	
  (2009)	
  
Palmer	
  &	
  Williams	
  (2012) 




Es+mate	
  of	
  uncertainty	
  
(Current	
  approach)


•  Rather	
  than	
  stochasBc	
  parameterizaBon	
  /	
  physics,	
  we	
  use	
  simpler	
  
ensemble	
  approach	
  to	
  esBmate	
  uncertainty	
  due	
  to	
  probabilisBc	
  /	
  
stochasBc	
  approximaBon.	
  
–  Models	
  with	
  different	
  parameterizaBons	
  (≠	
  values	
  of	
  parameters)	
  
–  Models	
  with	
  different	
  iniBal	
  condiBons	
  

1960 70 80 90 2000 10 20 30 

Boundary conditions (e.g., CO2 concentration): 

                                                Historical data                         Scenario based data   

1850 

Model A 

Model B 

Model C 

Model D 

… 



Es+mate	
  of	
  uncertainty	
  
(Current	
  approach)


•  Instead	
  of	
  stochasBc	
  parameterizaBon	
  /	
  physics,	
  we	
  use	
  ensemble	
  
approach	
  to	
  esBmate	
  uncertainty	
  due	
  to	
  probabilisBc	
  /	
  stochasBc	
  
approximaBon	
  	
  .	
  
–  Models	
  with	
  different	
  parameterizaBons	
  (≠	
  values	
  of	
  parameters)	
  
–  Models	
  with	
  different	
  iniBal	
  condiBons	
  

IPCC-­‐AR4	
  global	
  warming	
  simula+ons
 IPCC-­‐AR5	
  global	
  warming	
  simula+ons


Observa+on	
  
Ensemble	
  average	
  
Individual	
  simula+on


G
lo
ba

l	
  m
ea
n	
  
te
m
pe

ra
tu
re
	
  a
no

m
al
y	
  
(d
eg
C)




Year 
 Year 


]	
  
Uncertainty




Sources	
  of	
  errors	
  and	
  uncertainty


•  Climate	
  model	
  (all	
  +mescales)	
  
–  Simultaneous	
  parBal	
  differenBal	
  equaBons	
  for	
  geo-­‐fluid	
  
dynamics	
  and	
  thermodynamics	
  

•  Governed	
  by	
  general	
  principles	
  (i.e.,	
  not	
  empirical)	
  
•  Basically	
  determinis+c	
  predicBon	
  

•  Ini+al	
  condi+on	
  (…,	
  day,	
  week,	
  season,	
  year,	
  decade)	
  
–  Climate	
  state	
  at	
  iniBal	
  Bme	
  of	
  predicBon	
  experiments	
  (e.g.,	
  
observaBons)	
  

•  Not	
  always,	
  not	
  everywhere,	
  not	
  every	
  variable	
  	
  
•  Not	
  saBsfying	
  general	
  principles	
  

•  Boundary	
  condi+on	
  (decade,	
  century,…)	
  
–  ConcentraBon	
  of	
  CO2,	
  …	
  

•  Based	
  on	
  socioeconomical	
  scenario	
  =>	
  not	
  limited	
  into	
  geoscience	
  



Uncertainty	
  realized	
  by	
  ini+al	
  condi+ons	
  
(New	
  topic	
  in	
  IPCC-­‐AR5)


IPCC-­‐AR4	
  global	
  warming	
  simula+ons	
  using	
  a	
  specific	
  model	
  

Observa+on	
  
Individual	
  simula+on	
  

G
lo
ba

l	
  m
ea
n	
  
te
m
pe

ra
tu
re
	
  a
no

m
al
y	
  
(d
eg
C)




1960 70 80 90 2000 10 20 30 1850 

Initial state A 

Initial state B 

Initial state C 

Initial state D 

… Internal	
  fluctua-ons	
  of	
  climate	
  system	
  are	
  not	
  cared	
  by	
  model	
  ensemble	
  approach. 




Fluctua+ons	
  on	
  interannual	
  (1-­‐2years)	
  +mescales 


Te
m
pe

ra
tu
re
	
  a
no

m
al
y	
  
(d
eg
C)




C 

C 


W


W
W
 W


C 


December	
  1988	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  November	
  1997


Annual-­‐mean	
  sea	
  
surface	
  temperature	
  
anomaly	
  
(5S-­‐5N,150W-­‐90W)	
  

El Nino / La Nina events 


From JMA web site 


Sea	
  surface	
  
temperature	
  
anomalies




Pacific	
  Decadal	
  Oscilla+on 


10yr-­‐mean	
  sea	
  
surface	
  
temperature	
  
anomaly	
  

1967-­‐1976	
   1978-­‐1987	
  

[similar to left bottom]




PDO index




[similar to right bottm]


Fluctua+ons	
  on	
  decadal	
  (10-­‐20years)	
  +mescales


Te
m
pe

ra
tu
re
	
  a
no

m
al
y	
  
(d
eg
C)




Warm 


Cold 


Warm 


Cold 


From PDO web site 




How	
  to	
  define	
  ini+al	
  condi+ons	
  (ini+aliza+on)…	
  



Starting time of prediction


Assimilation
 Prediction


(time)


No	
  assimilaBon… 


IniBal	
  condiBon	
  for	
  predicBon	
  

● Obs.

● Obs.


+ (model – obs.)/t


● Obs.


+ (model – obs.)/t


● Obs.


+ (model – obs.)/t

● Obs.


+ (model - obs.)/t


•  Observed	
  values	
  are	
  unsuitable	
  as	
  they	
  are.	
  
–  Not	
  always,	
  not	
  everywhere,	
  not	
  every	
  variable	
  	
  
–  Not	
  saBsfying	
  general	
  principles	
  (i.e.,	
  incompaBble	
  with	
  climate	
  model)	
  

•  Value:	
  Data	
  assimila+on	
  (nudging,	
  opBmal	
  interpolaBon,	
  3d-­‐var,	
  4d-­‐var,	
  
Kalman	
  filter/smoother,…)	
  
–  Close	
  to	
  observed	
  value	
  
–  Almost	
  saBsfying	
  general	
  principles	
  in	
  model	
  

•  Ensembles:	
  Ini+al	
  perturba+on	
  (singular	
  vector,	
  breeding	
  of	
  growing	
  
modes,	
  …)	
  
–  Assimilated	
  values	
  with	
  slight	
  differences	
  

Example	
  of	
  data	
  assimila+on




How	
  to	
  define	
  ini+al	
  condi+ons	
  (ini+aliza+on)…	
  

•  Observed	
  values	
  are	
  unsuitable	
  as	
  they	
  are.	
  

–  Not	
  always,	
  not	
  everywhere,	
  not	
  every	
  variable	
  	
  
–  Not	
  saBsfying	
  general	
  principles	
  (i.e.,	
  incompaBble	
  with	
  climate	
  model)	
  

•  Value:	
  Data	
  assimila+on	
  (nudging,	
  opBmal	
  interpolaBon,	
  3d-­‐var,	
  4d-­‐var,	
  
Kalman	
  filter/smoother,…)	
  
–  Close	
  to	
  observed	
  value	
  
–  Almost	
  saBsfying	
  general	
  principles	
  in	
  model	
  

•  Ensembles:	
  Ini+al	
  perturba+on	
  (singular	
  vector,	
  breeding	
  of	
  growing	
  
modes,	
  …)	
  
–  Assimilated	
  values	
  with	
  slight	
  differences	
  

1960 70 80 90 2000 10 20 30 1945 

Initial state A 

Initial state B 

Initial state C 

Initial state D 

… Ini-al	
  states	
  of	
  internal	
  fluctua-ons	
  are	
  cared	
  by	
  data	
  assimila-on	
  approach. 


Predic+on	
  Assimila+on	
  

Assimila+on	
  

Assimila+on	
  

Assimila+on	
  

Predic+on	
  

Predic+on	
  

Predic+on	
  
(e.g.,	
  	
  predic+on	
  star+ng	
  at	
  2010)


Example	
  of	
  genera+ng	
  ensembles




Sets	
  of	
  ensembles	
  of	
  ini+alized	
  “predic+on”	
  



↓Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↓Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  ↓Ini+al	
  +me	
  of	
  

	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↓Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  ↓Ini+al	
  +me	
  of	
  

	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↑Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

	
  
	
  
	
  
	
  
	
  
	
  
To	
  validate	
  predicBon	
  skill,	
  in	
  IPCC	
  
protocol,	
  we	
  perform	
  sets	
  of	
  10	
  
ensembles	
  of	
  10-­‐yr-­‐long	
  “predicBon”	
  
every	
  five	
  years:	
  
“PredicBons”	
  start	
  at	
  January	
  of	
  1961,	
  
1966,	
  1971,	
  …,	
  1991.	
  
	
  
When	
  focusing	
  on	
  global-­‐mean	
  state,	
  
ini6aliza6on	
  has	
  li?le	
  impact	
  on	
  
predic6on…	
  

PredicBon	
  w/o	
  iniBalizaBon	
  	
  
	
  	
  	
  	
  	
  (individual	
  simulaBon)	
  
PredicBon	
  w/	
  iniBalizaBon	
  
	
  	
  	
  	
  	
  (ensemble	
  mean	
  and	
  spread)	
  
ObservaBon	
  	
  

↑Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

Global-mean surface air temperature anomaly (degC)  

Mochizuki	
  et	
  al.	
  (2010,	
  PNAS)




PDO	
  index	
  (i.e.,	
  projecBon	
  onto	
  the	
  modeled	
  EOF1	
  of	
  the	
  North	
  Pacific	
  VAT300)	
  is	
  obtained	
  by	
  an	
  EOF	
  analysis	
  to	
  internal	
  
variaBons	
  of	
  the	
  model,	
  that	
  are	
  defined	
  using	
  a	
  signal-­‐to-­‐noise	
  maximizing	
  EOF	
  of	
  10-­‐ensemble	
  20C3M	
  simulaBons.	
  

Sets	
  of	
  ensembles	
  of	
  ini+alized	
  predic+on	
  
 PDO time series 

Typical anomaly pattern 

in positive PDO index


Typical anomaly pattern 

in negative PDO index


↓Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↑Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↓Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↑Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↓Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↑Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

↑Ini+al	
  +me	
  of	
  
	
  	
  	
  	
  	
  10	
  ensemble	
  predic+on	
  

When	
  focusing	
  on	
  internal	
  fluctua-ons,	
  ini6aliza6on	
  has	
  a	
  large	
  impact	
  on	
  predic6on.	
  



PredicBon	
  w/	
  iniBalizaBon	
  
	
  	
  	
  	
  	
  (ensemble	
  mean	
  and	
  spread)	
  
ObservaBon	
  	
  

PredicBon	
  w/o	
  iniBalizaBon	
  is	
  nearly	
  zero,	
  
since	
  we	
  plot	
  deviaBons	
  from	
  global	
  
warming	
  signal.	
  

Mochizuki	
  et	
  al.	
  (2010,	
  PNAS)




PDO	
  index	
  (i.e.,	
  projecBon	
  onto	
  the	
  modeled	
  EOF1	
  of	
  the	
  North	
  Pacific	
  VAT300)	
  is	
  obtained	
  by	
  an	
  EOF	
  analysis	
  to	
  internal	
  
variaBons	
  of	
  the	
  model,	
  that	
  are	
  defined	
  using	
  a	
  signal-­‐to-­‐noise	
  maximizing	
  EOF	
  of	
  10-­‐ensemble	
  20C3M	
  simulaBons.	
  

Sets	
  of	
  ensembles	
  of	
  ini+alized	
  predic+on	
  
 

When	
  focusing	
  on	
  internal	
  fluctua-ons,	
  ini6aliza6on	
  has	
  a	
  large	
  impact	
  on	
  predic6on.	
  



If	
  keeping	
  an	
  iniBal	
  condiBon	
  as	
  it	
  is	
  	
  
(i.e.,	
  so-­‐called	
  persistence	
  predicBon),	
  errors	
  	
  
rapidly	
  grow	
  to	
  insufficient	
  levels.	
  

On	
  decadal	
  Bmescales,	
  uncertainty	
  in	
  predicBon	
  
w/o	
  iniBalizaBon	
  is	
  primarily	
  realized	
  by	
  the	
  PDO	
  
(internal	
  fluctuaBon).	
  	
  

Errors	
  in	
  predicBon	
  w/	
  iniBalizaBon	
  is	
  smaller	
  	
  
than	
  the	
  amplitude	
  of	
  	
  the	
  observed	
  PDO	
  	
  
during	
  5-­‐6	
  years.	
  

PredicBon	
  w/o	
  iniBalizaBon	
  	
  
PredicBon	
  w/	
  iniBalizaBon	
  
So-­‐called	
  persistence	
  predicBon	
  
Amplitude	
  of	
  the	
  observed	
  PDO	
  	
  

Predic+on	
  Year 


Er
ro
rs
	
  o
f	
  P

DO
	
  +
m
e	
  
se
rie

s


Sta+s+cal	
  errors	
  in	
  predic+ons	
  (degC)	
   


PredicBon	
  w/o	
  iniBalizaBon	
  always	
  represents	
  	
  
about	
  0.5degC	
  errors	
  which	
  is	
  the	
  same	
  as	
  	
  
the	
  amplitude	
  of	
  the	
  observed	
  PDO.	
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Areas	
  where	
  errors	
  are	
  significantly	
  reduced	
  	
  
in	
  2,	
  4,	
  6,	
  and	
  8	
  -­‐year-­‐long	
  predicBons	
  
are	
  found	
  over	
  …	
  
-­‐	
  North	
  Pacific:	
  Pacific	
  Decadal	
  OscillaBon	
  (PDO)	
  
-­‐	
  North	
  AtlanBc:	
  AtlanBc	
  MulB-­‐decadal	
  OscillaBon	
  (AMO)	
  
	
  
	
  

Predictable	
  regions	
  for	
  5-­‐yr	
  mean	
  VAT300	
  (verBcally	
  averaged	
  ocean	
  
temperature	
  upper	
  300m)	
  at	
  specific	
  hindcast	
  years.	
  

(Anomaly	
  CorrelaBon	
  Coefficient	
  >	
  90%	
  significance	
  levels)	
  

Predic+ve	
  areas	
  due	
  to	
  ini+aliza+on	
  	
  

C

Forecast Year

(Years)

B

A

(Years)

- NoAS RMSEs

- HCST RMSEs

- Observed 

      standard deviations

- Persistence RMSEs

Projected values

- EOF1 (broken)

Area averaged values

- KOE (solid)

- STF (dashed-dotted)

80%
70%

60%

80%

70%

60%

80%
70%60%

1967-1976


1978-1987


Remember!	
  
	
  
PredicBve	
  areas	
  correspond	
  to	
  
the	
  regions	
  where	
  the	
  PDO	
  	
  
signals	
  are	
  observed	
  strongest.	
  

Areas where errors are significantly reduced  
in specific-year-long predictions 	
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Applying to future climate prediction (2 examples) 


Predicted	
   and	
   observed	
  
fluctuaBons	
   from	
   global	
  
warming	
   temperature	
   change	
  
during	
  2006-­‐08	
  (degC).	
  

“Predic+on”　　	
  	
  	
  	
  	
  	
  	
  	
  3-­‐yr	
  ave.　　	
  	
  	
  	
  Observa+on 


Global	
  mean	
  temperature	
  anomaly	
  (degC)	
  

PDO	
  +me	
  series	
  

↑10	
  ensemble	
  predic+on	
  
	
  	
  	
  	
  	
  	
  star+ng	
  at	
  July	
  1,	
  2005	
  

↑10	
  ensemble	
  predic+on	
  
	
  	
  	
  	
  	
  	
  star+ng	
  at	
  January	
  1,	
  2010	
  

↑10	
  ensemble	
  predic+on	
  
	
  	
  	
  	
  	
  	
  star+ng	
  at	
  July	
  1,	
  2005	
  

↑10	
  ensemble	
  predic+on	
  
	
  	
  	
  	
  	
  	
  star+ng	
  at	
  January	
  1,	
  2010	
  

PredicBon	
  	
  
	
  	
  w/o	
  iniBalizaBon	
  	
  
PredicBon	
  	
  
	
  	
  w/	
  iniBalizaBon	
  
ObservaBon	
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Summary	
  



•  Climate	
  “model”	
  is	
  generally	
  governed	
  by	
  
general	
  principles.	
  

•  Climate	
  “predicBon”	
  is	
  basically	
  determinis+c.	
  
•  In	
  a	
  pracBcal	
  sense,	
  we	
  need	
  implicit	
  (i.e.,	
  

probabilis+c	
  /	
  stochas+c)	
  calculaBons	
  to	
  take	
  
into	
  account	
  contribuBons	
  from	
  small/short	
  
Bmescale	
  phenomena.	
  

•  Rather	
  than	
  stochasBc	
  parameterizaBon	
  /	
  
physics,	
  we	
  use	
  simpler	
  ensemble	
  approach	
  to	
  
esBmate	
  uncertainty	
  due	
  to	
  probabilisBc	
  /	
  
stochasBc	
  approximaBon.	
  

Ensembles	
  of	
  IPCC-­‐AR5	
  global	
  warming	
  simulaBons	
  
•  Long-­‐term	
  (centurial)	
  predicBon	
  

–  Models	
  /	
  ParameterizaBons	
  (≠	
  values	
  of	
  
parameters)	
  

•  Near-­‐term	
  (decadal)	
  predicBon	
  
–  IniBal	
  condiBons	
  (data	
  assimilaBon)	
  

Observed	
  data


PredicBon	
  data	
  
(e.g.,	
  IPCC	
  protocol) 


“model”	
  governed	
  	
  
by	
  physical	
  principles


ApplicaBon	
  data	
  
(e.g.,	
  Drought,	
  Flood) 


“model”	
  
Empirical,	
  sta+s+cal,…



